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Heel strike detection is an important cue for human gait recognition and detection in visual surveillance
since the heel strike position can be used to derive the gait periodicity, stride and step length. We propose
a novel method for heel strike detection using a gait trajectory model, which is robust to occlusion, cam-
era view, and low resolution. When a person walks, the movement of the head is conspicuous and sinu-
soidal. The highest point of the trajectory of the head occurs when the feet cross (stance) and the lowest
point is when the gait stride is the largest (heel strike). Our gait trajectory model is constructed from tra-
jectory data using non-linear optimisation. Then, the key frames in which the heel strikes take place are
calculated. A Region Of Interest (ROI) is extracted using the silhouette image of the key frame as a ﬁlter.
For candidate detection, Gradient Descent is applied to detect maxima which are considered to be the
time of the heel strikes. For candidate veriﬁcation, two ﬁltering methods are used to reconstruct the
3D position of a heel strike using the given camera projection matrix. The contribution of this research
is the ﬁrst use of the gait trajectory in the heel strike position estimation process and we contend that
it is a new approach for basic analysis in surveillance imagery.
 2012 Elsevier B.V. All rights reserved.1. Introduction
Heel strike detection is a basic yet important process in
non-invasive analysis of people at a distance, especially for human
motion analysis and recognition by gait in a visual surveillance
environment. Since the gait periodicity, stride and step length
can be calculated directly from the position of the heel strikes; this
information can be used to represent the individual characteristics
of a human, the walking direction, and the basic 3D position infor-
mation (given a calibrated camera).
There are two key observations concerning heel strike detec-
tion. During the strike phase, the foot of the striking leg stays at
the same position for nearly half a gait cycle (when the foot is in
contact with the ﬂoor), whilst the rest of the human body moves
forward (Bouchrika and Nixon, 2007). Also, when the left and right
feet cross, the head is at its highest position. Conversely, when the
stride is at its largest, the head is at its lowest position in a gait cy-
cle. We develop our new heel strike detection method based on
these observations.
Generally, heel strike detection is a preliminary stage in gait
recognition or model-based human body analysis and visualisa-
tion. Previously, two major strategies were used for detection of
heel strike. The ﬁrst is the model-free strategy which uses low levelll rights reserved.
, msn@ecs.soton.ac.uk (M.S.
ixon, M.S. Heel strike detection
/j.patrec.2012.08.007data such as silhouettes and edges to detect gait motion. Bobick
and Johnson (2001) recovered static body and stride parameters
of subjects using the action of walking to extract relative body
parameters. BenAbdelkader et al. (2002) identiﬁed people from
low resolution video by estimating the height and stride parame-
ters of their gait. Jean et al. (2005) proposed an automatic method
of detecting body parts using a human silhouette image. A ﬁve-
point human model was detected and tracked. They solved for
self-occlusion of the feet by using optical ﬂow and motion corre-
spondence. Bouchrika and Nixon (2007) built an accumulator
map of all corner points using the Harris corner detector during
an image sequence. Then, the heel strike position was estimated
using the density of proximity of the corner points.
The alternative strategy is model-based; this uses prior infor-
mation such as 3D shape, position and trajectory of body motion.
The heel strike position is a part of this analysis. Vignola et al.
(2003) ﬁtted a skeleton model to a silhouette image of a person.
Each limb was ﬁtted independently to speed up the ﬁtting process.
Zhou et al. (2006) extracted full-body motion of walking people
from video sequences. They proposed a Bayesian framework to
introduce prior knowledge into system for extracting human gait.
Sigal and Black (2006) estimated human pose using an occlusion-
sensitive local image likelihoods method. Zhang et al. (2006)
presented a three-level hierarchical model for localising human
bodies in still images from arbitrary viewpoints. They handled
self-occlusion and large viewpoint changes using Sequential Monte
Carlo optimisation. Sundaresan and Chellappa (2008) proposed abased on human walking movement for surveillance analysis. Pattern Re-
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human into different articulated chains.
Many approaches, however, consider only the fronto-parallel
view of a walking subject wherein the subject walks in a direction
normal to the camera’s plane of view. Also, in the model-based ap-
proaches there is much computational load in initialization and
tracking. Moreover, in the visual surveillance environment, the im-
age quality could be low and the image sequences derived from a
single camera only are available. Therefore, an alternative heel
strike detection method is needed which is robust to low resolu-
tion, foot self-occlusion, and camera view point, and suitable for
a single camera.
In this paper, to overcome the above constraints, we propose a
novel method of heel strike detection using the gait trajectory
model. The frame in which the heel strike takes place can be ex-
tracted through the gait motion even when the foot is hidden by
another leg and the image quality is low. The model is applied to
detect the key frame in which the heel strikes occur. The silhouette
image at the key frame is used to remove background data and
determine the ROI. Then, we calculate the heel strike position from
the process of the candidate detection and veriﬁcation.
This paper is an extended version of our previous research (Jung
and Nixon, 2011). We now analyse more about the process of
extracting the gait feature and modelling the calculation of 3D heel
strike position. Also, to conﬁrm the performance of the system we
have applied our method to another visual surveillance database
(CAVIAR Test Case Scenarios, 2004), beyond that previously ana-
lysed (Jung and Nixon, 2011).
The remainder of this paper is organised as follows: Section 2
explains the key frame calculation. Section 3 describes the heel
strike candidate detection and veriﬁcation method. Section 4
shows the experimental results based on visual surveillance
databases. Finally, we conclude our work in Section 5.
2. Key frame calculation
The basic characteristics of gait are used to ﬁnd the moment of a
heel strike. When people walk there is conspicuous sinusoidal head
movement in the vertical plane (Aristotle, B.C. 350). As mentioned
above, the highest point in a gait cycle is when both feet cross
(stance) and the lowest point is when the gait stride is the largest
(heel strike). Therefore, the vertical position is a cue for gait cycle
detection. We deﬁne the key frame at these frames when the high-
est and the lowest positions of the vertical gait trajectory in a gait
cycle occur. First, the homogeneous relationship between the adja-Fig. 1. Corresponding points and
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(SIFT) feature matching (Lowe, 2004). Then, the potential trajectory
such as the movement of the head is extracted. Based on the poten-
tial trajectory, we construct the gait trajectory model and analyse it
to determine the key frames.
2.1. Gait feature extraction
Essentially, to extract the potential trajectory, a point is deter-
mined in the ﬁrst frame and its position in successive frames is
estimated. In this paper, we calculate the homogeneous relation-
ship based on analysing corresponding points detected by the SIFT
operator (Lowe, 2004). The main reason for adapting this method is
that using all features from a human body is likely to be more ro-
bust than using local region features such as the head and legs in
terms of whole movement tracking.
As a pre-processing step, the subject’s silhouette image is calcu-
lated from the intensity and the colour difference (between the
background image and foreground image) at each pixel (Cheung
and Kanade, 2000). Then, SIFT matching points are extracted be-
tween the adjacent frames. These corresponding points are se-
lected by the SIFT descriptor ﬁrst, and then reﬁned by the
region-based and the distance-based measure. As the matching
with only the SIFT descriptor considers the pattern around the ex-
tracted SIFT point the misalignment could occur. Therefore, ﬁrst,
we consider the SIFT matching points only in the background sub-
tracted image. Even though the arm and the head parts move in an
arbitrary manner the main upper body moves in the characteristic
manner of gait. The second is to ﬁlter the invalid matching points
based on the distances between each potential corresponding
point. The distances can show the distribution of movements. In
the histogram of the distances, the misaligned points can be de-
tected and removed. In an alternative representation, the distribu-
tion of histogram can be expressed by the Gaussian distribution
(X  N(l,r2)). The SIFT points are taken in the region between
l  2r and l + 2r, covering is 68.2% of the Gausssian distribution.
After ﬁltering, from the randomly sampled eight pairs of corre-
sponding points, each 2D homography matrix can be calculated.the vertical gait trajectory.
based on human walking movement for surveillance analysis. Pattern Re-
Fig. 2. Key frame extraction.
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tion between two images. The homography matrix (H) satisﬁes
the following relationship (Hartley and Zisserman, 2003).
Hxi ¼ x0i ð1Þ
where xi $ x0i describes the corresponding points between two
images.
The Direct Linear Transformation (DLT) (Hartley and Zisserman,
2003) is used to solve the 2D homography from the corresponding
points. If there are many SIFT matching points between two images
several homography matrixes could be generated. To ﬁnd the opti-
mised homography matrix, RANdom SAmple Consensus (RANSAC)
(Fischler and Bolles, 1981) is applied to choose the matrix which
has the largest number of inliers. Fig. 1(a) and (b) show the result
of corresponding points between two images where the green1 and
blue points represent inliers and outliers from SIFT matching,
respectively. Note that, most of the SIFT points from the upper
body region are selected as inliers and those of the lower part
are selected as outliers. In our experience, most inliers are detected
in the upper body because we assume that the person is walking
continuously. Therefore, the lower body has more movement than
the upper body. By this, the homography matrix for consistent
movement between frames can be selected by RANSAC and ex-
presses the trajectory of the upper body.
The trajectory of a point can be extracted at each frame using the
calculated homogenousmatrix between frames if the starting point
is given at the ﬁrst frame. The starting point could be any point on
the upper body. To initiate the procedure the centre of the head is
labelled manually. Fig. 1(c) shows the results of the vertical trajec-1 For interpretation of colour in Fig. 1, the reader is referred to the web version of
this article.
Please cite this article in press as: Jung, S.-U., Nixon, M.S. Heel strike detection
cognition Lett. (2012), http://dx.doi.org/10.1016/j.patrec.2012.08.007tory when a person walks toward a camera. In this ﬁgure, the
vertical gait trajectory has a consistent trend and is periodic.
2.2. Gait trajectory model construction
The gait trajectory model (Jung and Nixon, 2010) is described in
Eqs. (2)–(5). This model is used and assumes that a subject walks at
the same speed. This model only considers the vertical position of
the object. The gait trajectory can be divided into two parts: a peri-
odic factor and a scaling factor. The periodic factor is proportional
to walking position; the scaling factor depends on imaging geom-
etry. Therefore, the gait trajectory model is deﬁned in the following
way, where the vertical position y(t) is a function of gait frequency.
First, the general case is
yðtÞ ¼ f ðtÞ  sinðxt þ hÞ þ gðtÞ ð2Þ
periodic factor : f ðtÞ ¼ C1=að1 t=kÞ ð3Þ
scaling factor : gðtÞ ¼ C2=að1 t=kÞ þ Igait ð4Þ
where x is a gait frequency, h is the initial phase, Igait is the initial
position of gait, k is a total time, a is a total length of walking,
and Cn are constants.
Around the image centre, the scaling factor can be modelled as
scaling factor : gcðtÞ ¼ C0t þ Igait ð5Þ
where C0 is constant.
To clarify the model, the exact human trajectory is extended
using some manually chosen points. We use 35 samples (26 males,
9 female, with around 40 images in each sequence) chosen at ran-
dom from a gait biometric database (Seely et al., 2008) and extract
the corresponding points for all frames. After ﬁtting using the
Levenberg–Marquadt algorithm R-squared and Sum of Square Er-
ror (SSE) is applied (Eqs. (6) and (7)). Table 1 shows the numericalbased on human walking movement for surveillance analysis. Pattern Re-
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over 98% and the sum of squared errors is less than 4%, both










where yi and y^i are the normalised values of the ground truth and
the test result at ith position of gait trajectory, respectively. y is
the mean of the observed data.
2.3. Key frame selection
The key frame can be calculated after construction of the model.
The highest points of trajectory are calculated from gait frequency
f ðx ¼ ðð2nþ 1=2Þp hÞ=2pf , where n is any integer). Fig. 2 shows a
sample of the key frame extraction process. In Fig. 2(a) the highest
position of y is when the left foot and the right foot cross (here, the
key frame number is 97). Fig. 2(b) and (c) are the original and sil-
houette image at the key frame. In Fig. 2(b) the head is in the high-
est position when the feet cross. In the next stage, the silhouette
image is used for ﬁltering the accumulator map to extract theFig. 3. Accumulator map
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images in a sequence and the ﬁltered accumulator map must con-
tain at least one heel strike.3. Heel strike detection
This section shows the process of detecting heel strike position
using the pre-calculated key frame information. An accumulator
map is derived by adding frames of the walking subject’s silhouette
to determine which parts of the body remained longest at same
position.
3.1. Heel strike candidate extraction
As a pre-processing step, we calculate the silhouette image
(Cheung and Kanade, 2000) from the intensity and the colour dif-
ference (between the background image and foreground image)
at each pixel. Then, the accumulator map of a silhouette is the total
number of silhouette pixels in (i, j)th position. Low pass ﬁltering is
deployed to smooth the accumulator surface.
Accumulatorði; jÞ ¼
X# of images
Silhouetteði; jÞ ð8Þand ﬁltering results.
based on human walking movement for surveillance analysis. Pattern Re-
Fig. 4. Procedure of heel strike candidate detection.
Fig. 5. Veriﬁcation process.
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frame silhouette image. The colour in the ﬁgure indicates the num-
ber of silhouette pixels from blue2 (few) to red (many). As shown in
Fig. 3(a), the heel strike region can clearly be distinguished from
the other body part regions.
The ﬁltered accumulator map shows the distribution of the
number of silhouette pixels. It reveals that the position of heel
strike has a relatively higher distribution than other regions. Using
the characteristic, we extract a Region of Interest (ROI) and make it
smoother to apply Gradient Descent algorithm. Fig. 3 shows the
process for ﬁnding the heel strike positions from the accumulator
map. The accumulator map shown in Fig. 3(a) is ﬁltered by Gauss-
ian function (ﬁlter size 12  12, r = 2.0). Then, the approximate
heel region, which is one eighth of a person’s silhouette height
from the bottom of silhouette, is extracted (Fig. 4(a)). Accordingly,
the heel strike position can be extracted by Gradient Descent.
Fig. 4(b) shows the three dimensional view of the extracted ROI.
Fig. 4(c) shows the result of analysing Fig. 4(b) using the Gradient
Descent algorithm. The small arrow in the ﬁgure is the point where
the orientation has changed. Fig. 4(c) shows the trace convergence
to the local maximum.
3.2. Heel strike position veriﬁcation
In previous section, the process for extracting the heel strike
candidates is described. This section describes the heel strike veri-
ﬁcation process. In our method the silhouette image is used when
the feet cross, so it is possible to extract the candidates from the
foot of the heel strike and also for another foot. For instance, in
the second heel strike of Fig. 5(a), the candidates are detected from
both feet. To reduce the invalid candidates, the key frame is calcu-
latedwhen the position of y is lowest in one gait cycle (Fig. 2(a)) andPlease cite this article in press as: Jung, S.-U., Nixon, M.S. Heel strike detection
cognition Lett. (2012), http://dx.doi.org/10.1016/j.patrec.2012.08.007the same procedure is executed in Section 3.1 to ﬁnd other heel
strike candidates. Since themoment at the lowest y is when the gait
stride is largest, the feet still stay on the ﬂoor, and positions of the
feet are separated, so the candidates from other key frames are con-
sidered as the potential heel strikes. These candidates are deployed
to remove the invalid candidates. Simply, the distance between
these two groups of candidates (at the highest and lowest y coordi-
nates) is calculated. Then, the candidates within a ﬁxed distance
(here, 5 pixels) are selected from the group of candidates of lowest
values for y. As shown in Fig. 5(b), after this ﬁltering process the in-
valid candidates from another foot are removed.
The accumulator map depends on the camera view. Once the
camera is calibrated the invalid candidates could be removed using
the back projection from a 2D image plane into a 3D world space.
Using the 3D projection the candidate which is the closest from the
camera are selected. Since a single camera is used in our approach,
we assume a ground ﬂoor is known, i.e. that z = 0 (the z axis is in
the vertical position). This enables calculation of the intersecting
points between the projection ray from 2D image points and the
ground ﬂoor. The closest heel strike to the ﬂoor is considered as
the ﬁnal heel strike position, thereby ﬁltering the invalid positions.
Fig. 5 shows a result of the ﬁltering process and the invalid points
in Fig. 5(a) are removed to give the ﬁnal result in Fig. 5(c). Fig. 6
shows the example of the candidate ﬁltering. Fig. 6(a) is the sample
of candidate extraction when the gait trajectory is the highest and
the lowest in a gait cycle. Fig. 6(b) describes the ﬁltering method
using the relationship between 3D coordinate and 2D image plane.
The white dots in Fig. 6(a) are the candidate of heel strikes.
Once 3D heel strike positions are calculated we can estimate the
direction and the position of walking.
First, we deﬁne a walking direction vector (ik) between kth heel
strike position (Hk) and k + 1th heel strike position (Hk+1)based on human walking movement for surveillance analysis. Pattern Re-
Fig. 6. Candidate ﬁltering.
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Table 2
The databases and the results of heel strike detection.
Database Biometric tunnel PETS 2006 CAVIAR
Number of subject 25  2 views 10 15
Walking direction Straight Straight and random Straight and random
Image size (pixels) 640  480 720  576 Resized to 640  480
Filtering method 2D and 3D ﬁltering 2D ﬁltering only 2D and 3D ﬁltering
Environment Controlled tunnel Train station Shopping centre corridor
Decision method ±10 cm in 3D ±5 pixels in 2D ±5 pixels in 2D
Detection rate (%) 95.6 (285/298) 93.4 (57/61) 93.7 (104/111)
S.-U. Jung, M.S. Nixon / Pattern Recognition Letters xxx (2012) xxx–xxx 7ik ¼ ðHkþ1  HkÞ=kHkþ1  Hkk ð9Þ
Then, the position at ground plane (Pk) is
PkðtÞ ¼ ik  ðgait stride=# of samplingÞ  t ð10Þ4. Experimental results
To evaluate the proposal heel detection system, we test three
different environments of visual surveillance databases. One is a
controlled environment (Biometric tunnel gait database (Seely
et al. 2008)) and the others are uncontrolled databases (PETS
2006 database (PETS Dataset, 2006) and the CAVIAR dataset (CAV-
IAR Test Case Scenarios, 2004)). The Biometric tunnel data consists
of 25 samples (18 males and 7 females, with around 130 images in
each sequence) and each sample has two views of image sequences
which are different from the data used to verify the gait trajectory
model in Section 2. The database was recorded in a controlled envi-
ronment (such as lighting illumination, walking direction and cam-
era calibration). We choose 10 samples from an image sequence of
the PETS 2006 dataset which is recorded at an indoor train station.
In the dataset, each sample has a different walking direction with
around 80 images in each sample sequence. The CAVIAR dataset
consists of 15 samples (11 males and 4 females, with around 100
images in each sequence) and are resized to 640  480 pixels. Each
sample has a random walking direction. This database was re-
corded at a shopping centre corridor. To calculate the camera pro-
jection matrix we estimate (perspective) corresponding points
based on provided ground truth position (15 pairs of correspond-
ing points are used).
Fig. 7 shows the detection results for three different environ-
ments. The white crosses in the ﬁgure represent the points
detected as the heel strike positions. As shown in Fig. 7 the pro-
posed method can detect the heel strike position regardless of
the camera view since the method uses the basic characteristic
of gait: its periodic factor. In the cases of samples from the Biomet-
ric tunnel data and PETS 2006 data (Fig. 7(a) and (b)) the subjects
walk in a series of straight lines. To conﬁrm that our method works
when the walking direction changes the image sequences from
CAVIAR data are tested where the subject is walking randomly
along a corridor (Fig. 7(c)). Even when the walking direction
changes the proposed method still follows the position of heel
strike.
Table 2 shows the test environment and the detection rate. A to-
tal of 470 heel strikes from 75 subjects were tested. For the evalu-
ation of the performance we measured the distances between the
test results and the ground truth. For the Biometric tunnel, given
calibration the detected 3D heel strike positions were compared
with the estimated ground truth. Unlike the Biometric tunnel,
the PETS 2006 does not provide camera information. Therefore,
the detection rate is calculated based on 2D image coordinates.
For the CAVIAR dataset, the camera projection matrix can be con-
structed using the provided coordinates in 3D space, but it does not
provide ground truth in 3D space. For this, we applied the two ﬁl-Please cite this article in press as: Jung, S.-U., Nixon, M.S. Heel strike detection
cognition Lett. (2012), http://dx.doi.org/10.1016/j.patrec.2012.08.007tering methods (Section 3.2, the 2D distance and 3D geometry
measure) to the Biometric tunnel data and CAVIAR data to remove
the invalid candidates and to obtain 3D heel strike position. For the
PETS 2006 data we applied one ﬁltering method which uses the 2D
distance between the candidates of two groups, given the lack of
camera calibration information. Besides that, to calculate the
detection rate, we consider as ‘detected’ when the distance be-
tween 3D heel strike positions of the test results and the ground
truth is within ±10 cm for the Biometric tunnel case. The others
were counted as ‘detected’ when the distance is within ±5 pixels
in the 2D image coordinate.
Table 2 shows the detection rate for all the databases. The
detection rate for the Biometric tunnel database is slightly higher
than for the PETS 2006 database and the CAVIAR dataset since
the environment of the Biometric tunnel is more controlled. The
overall detection rate is 94.9% (446/470).5. Conclusions
To deploy automatic gait recognition in unconstrained environ-
ments, we need to develop new techniques for analysis. This paper
describes new techniques for heel strike estimation which are ro-
bust to self-occlusion and change in camera view. The approach
to heel strike estimation combines human walking analysis with
characteristics of the heel strike. The approach has been demon-
strated on visual surveillance databases, and on one for biometrics,
with a heel strike detection rate exceeding 94%. In this paper, we
make a strong assumption that the walking speed is constant
and that the foot area can be seen. This model can be applied in
many facilities such as corridors, lobbies, and the entrances of
building. Also, it is a basic step in improving visual surveillance.
As such, heel strike analysis can be used for basic gait analysis
and derivation of walking direction estimation, and this approach
provides a new and more generalised approach for surveillance
environments.References
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